ABSTRACT: Despite a belief among corporate executives that smooth earnings paths lead to a lower cost of equity capital, I find no relation between earnings smoothness and average stock returns over the last 30 years. In other words, owners of firms with volatile earnings are not compensated with higher returns, as one would expect if volatile earnings lead to greater risk exposure. Although prior empirical work links smoother earnings to a lower implied cost of capital, I offer evidence that this link is driven primarily by optimism in analysts' long-term earnings forecasts. This optimism yields target prices and implied cost of capital estimates that are systematically too high for firms with volatile earnings. Overall, the evidence is inconsistent with the notion that attempts to smooth earnings can lead to a lower cost of equity capital.
I. INTRODUCTION
I n an influential survey article, Graham et al. (2005) report that corporate executives express a strong desire to report smooth earnings paths, holding cash flow volatility constant. Surprisingly, executives also indicate a willingness to sacrifice long-term value to achieve smoother earnings. A primary motivation offered for such behavior is that executives believe that investors perceive firms with smoother earnings to be less risky, and thus demand a lower expected return, or cost of equity capital. In this study, I use assetpricing tests-common in financial economics-to assess the relation, if any, between earnings smoothness and expected returns.
Though prior empirical work in accounting has linked smoother earnings to a lower implied cost of equity capital (Francis et al. 2004; Verdi 2006) , I re-examine the issue for three reasons. First, theoretical support for the notion that smoother earnings lead to a lower
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The Accounting Review January 2010 American Accounting Association reduce their perceived probability of bankruptcy, thereby lowering borrowing rates. The model does not address cost of equity capital directly, however, and does not allow for investor diversification across multiple securities as in the CAPM. Easley and O'Hara (2004) construct a model in which uninformed investors demand a risk premium for securities when they lack information vis-à-vis informed investors. The authors argue this ''information risk'' is undiversifiable. So, to the extent income smoothing reduces information asymmetry, smoother earnings may be associated with a lower cost of equity capital. However, given the above discussion, the effect of earnings smoothness on information asymmetry remains unclear. If smoothness facilitates the predictability of future earnings or cash flows, or helps signal the underlying economic ''type'' of a firm, information asymmetry could be attenuated. On the other hand, if earnings smoothness plays primarily an obfuscatory role that leads to greater reporting opacity, information asymmetry could be exacerbated.
Furthermore, recent research by Lambert et al. (2008 Lambert et al. ( , 2007 challenges the notion that information risk, as modeled by Easley and O'Hara (2004) , is even priced in equilibrium, suggesting instead that it can be diversified away by investors. They contend that better quality financial reporting (which smoothing, for the reasons listed above, may or may not facilitate) can directly reduce cost of capital, but only through a firm's CAPM beta.
Finally, Goel and Thakor (2003) model a setting in which earnings volatility benefits informed investors at the expense of uninformed investors, because the latter demand a risk premium to stay in the market. Firms respond by smoothing earnings to reduce perceived volatility, but these smoothing attempts are unwound by the market due to rational expectations and have no effect on cost of capital in equilibrium.
Earnings Smoothing and Cost of Capital-Empirical Evidence
The most direct empirical evidence of a link between cost of capital and earnings smoothness comes from Francis et al. (2004) . They examine seven accounting attributes, one of which is earnings smoothness, and find a reliably negative association between the smoothness of earnings and implied cost of capital estimates based on forecasts of future stock prices and dividends provided by Value Line. In essence, the findings of Francis et al. (2004) indicate Value Line analysts expect firms with volatile earnings to earn higher future stock returns than firms with smooth earnings. As a robustness check, Francis et al. (2004) document a negative relation between earnings smoothness and the earnings-based MPEG cost of capital estimate derived in Easton (2004) . They also offer evidence that earnings smoothness (along with other attributes) serves as the basis for a mimickingportfolio risk factor that is priced in equilibrium, but Core et al. (2008) object to their methodology. I discuss this issue in more detail in the next section. Verdi (2006) extends Francis et al. (2004) using principal components analysis and replicates their main results using Value Line-based cost of capital estimates. However, the relation between cost of capital and earnings smoothness reverses in sign and becomes insignificant when he uses a cost of capital estimate derived by Gebhardt et al. (2001) . Finally, Bhattacharya et al. (2003) relate three country-level measures of earnings manipulation, one of which is earnings smoothing, to country-level cost of capital measures. Using cost of capital estimates from dividend yields, they find that countries with smoother earnings have a higher cost of capital, but this relation becomes insignificant when they use an international factor-pricing model to measure cost of capital. Since earnings smoothness
The Accounting Review January 2010 American Accounting Association per se is not the focus of their study, Bhattacharya et al. (2003) offer no reasons for their differing results. 2 In summary, the literature on earnings smoothness does not yield a consensus as to whether it (1) represents a beneficial or desirable attribute of financial reporting, or more importantly (2) affects cost of equity capital. Moreover, there is no evidence as to whether earnings smoothness is related to average realized stock returns at the firm or portfolio level, which is a common test used in much of financial economics to judge candidate risk factors. The next section explains how the current study can help to fill this void in the literature.
III. ASSET-PRICING TESTS
To test the hypothesis that smoother earnings are associated with a lower cost of equity capital, I first employ standard asset-pricing tests that relate earnings smoothness to average realized stock returns. Realized returns are, tautologically, a function of two things: expected returns and information surprises (Campbell 1991) . The expected return component derives from the discount rate (i.e., cost of capital) investors apply to a stock's expected payoffs at the beginning of the return period. Information surprises represent changes in investors' expectations of future payoffs and required discount rates during the return period. Assuming rational pricing, information surprises are zero in expectation and unpredictable through time. Thus, average realized returns, across firms and over time, proxy for expected returns.
While this methodology has been standard practice in finance over the last 30 years, it has two potential shortcomings. First, even if information surprises are mean zero, they can have substantial variance, particularly at the individual-stock level. This adds noise to the analysis and could lead to low power tests (Botosan and Plumlee 2005) . I address this concern in the next section by grouping stocks into portfolios to help mitigate the effects of firm-specific noise. Second, information surprises may not be mean zero over the sample period, yielding a biased proxy for expected returns (Elton 1999) . Fama and French (2002) , for example, offer evidence that the average return on the S&P index was ''a lot higher than expected'' over the last 50 years, due to discount rate shocks. However, even if the average return across all stocks is higher than expected over the sample period, inferences from cross-sectional asset-pricing tests are still valid. As Francis et al. (2004 Francis et al. ( , 1002 note, bias in realized returns will confound inferences in asset-pricing tests only if it is correlated cross-sectionally with variable of interest. I discuss this issue in more detail in Section V.
Data
Data for the asset-pricing tests come from the intersection of the CRSP Monthly Stock File and the Compustat Industrial Annual File, obtained through Wharton Research Data Services (WRDS). The sample period runs from 1/1/75 to 12/31/06. I begin in 1975 because this marks the first year that Value Line implied cost of capital estimates can be obtained (Brav et al. 2005; Francis et al. 2004) . To remain in the sample, I require a firmmonth to have non-missing return data on CRSP and non-missing values for the Compustat accounting variables described below. In total, the asset-pricing sample contains 682,435 firm-month observations for 6,076 unique firms.
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Empirical Methodology and Results
To investigate whether more volatile earnings are associated with higher stock returns, I first run the following cross-sectional regression every month from 1/1/75 to 12/31/06:
(1)
R i is the raw monthly stock return for firm i, stated as a percentage. R ƒ is the return on the one-month T-bill obtained from WRDS. Smooth is the decile rank of a firm-year's earnings smoothness measure. I measure earnings smoothness as the standard deviation of net income (scaled by average total assets) divided by the standard deviation of cash flows from operations (scaled by average total assets). Thus, higher values of this variable indicate more earnings volatility. Scaling by cash flow volatility measures the extent to which accrual accounting has smoothed out the underlying volatility of the firm's operations. The smoothness measure is calculated at the annual level over rolling ten-year windows ending in the current fiscal year.
3 I define earnings smoothness in this manner to be consistent with prior research (Francis et al. 2004; Leuz et al. 2003) and because it corresponds closely to the construct described by executives in the Graham et al. (2005) survey.
I also include other standard factors in the model. Beta is the slope coefficient from the regression of a firm's monthly raw returns on the monthly value-weighted market return over a rolling five-year window ending in the current fiscal year. Size is the natural log of market value of equity, measured at the end of the current fiscal year. BM is the natural log of the ratio of book value of equity to market value of equity, measured at the end of the current fiscal year. All variables for a given fiscal year become available for the monthly regressions four months after the fiscal year-end. For example, a December-year-end firm gets a new smoothness, Beta, Size, and BM measure the following April. Table 1 reports time-series averages of the parameters from the 384 monthly regressions in Equation (1). Standard errors are calculated from the time-series variation in these parameters. This methodology, developed by Fama and MacBeth (1973) , ensures the reported t-statistics account for cross-sectional correlation in the error terms in Equation (1). Estimates from Table 1 indicate that earnings smoothness is not associated with average realized stock returns, either in isolation (t ϭ 0.70) or in conjunction with Beta, Size, and BM (t ϭ 0.47). Also, Beta is not associated with average returns, while Size (BM) is negatively (positively) related to average returns over the sample period, consistent with extant work in financial economics (e.g., Fama and French 1992) . Results are similar if the raw, rather than the ranked, value of earnings smoothness is used instead.
Panels B and C of Table 1 report descriptive statistics along with univariate correlations between Smooth and the other covariates in Equation (1). Firms with volatile earnings tend to be smaller, have higher betas, and lower book-to-market ratios than firms with smooth earnings. The correlations are modest, however, so earnings smoothness does not appear to be ''swamped'' by the other covariates. In short, cross-sectional tests provide no support for the notion that stockholders of firms with volatile earnings are compensated with higher average returns.
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January 2010 American Accounting Association For each month, from 1 / 1 / 75 to 12 / 31 / 06, the cross-section of excess realized returns is regressed on the variables listed above. Results are reported in Panel A. Monthly excess returns are measured in percentages and are calculated as the raw stock return less the risk-free rate. The raw stock return is obtained from the CRSP monthly stock file and the risk-free rate is the return on the one-month T-bill obtained from the Fama-French files at WRDS. Smooth is the decile rank of a firm-years' smoothness measure, which is calculated from the Compustat Industrial Annual File as the time-series standard deviation of net income before extraordinary items (#18) (scaled by average total assets (#6)) divided by the standard deviation of cash flows (scaled by average total assets) over the ten previous years ending in the current fiscal year. Cash flows equal net income less accruals. Accruals are the change in current assets (#4) minus the change in cash (#1) minus the change in current liabilities (#5) plus the change in ST debt (#34) minus depreciation (#14), scaled by average total assets. The smoothness measure is calculated at the annual level over rolling ten-year windows ending in the current fiscal year. Decile ranking is performed monthly. Beta is the slope coefficient from the regression of a firm's monthly raw returns on the monthly value-weighted market return (from the CRSP monthly index file) over a rolling five-year window ending in the current fiscal year. I require at least 18 monthly returns over the rolling five-year interval to calculate Beta. Size is the natural log of market value of equity from Compustat (#25 * #199), measured at the end of the current fiscal year. BM is the natural log of the ratio of book value of equity to market value of equity (log(#60) less Size), measured at the end of the current fiscal year. All variables for a given fiscal year become available for the monthly regressions four months after the fiscal year-end. One criticism of these cross-sectional tests is that realized returns are noisy, particularly at the firm level. That is, firm-specific news may be so vast as to swamp any pattern that exists in realized returns related to earnings smoothness. To deal with this concern, I perform portfolio time-series regressions in the tradition of Black et al. (1972) . Each month, from 1/1/75 to 12/31/06, I group firms into ten portfolios based upon the latest decile
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R pt is the value-weighted return on portfolio p (p ϭ 1 through 10) for month t. R M Ϫ R ƒ is the monthly excess return on the value-weighted market return from CRSP. SMB (Small minus Big) is the excess monthly return of small firms over big firms, and HML (High minus Low) is the excess monthly return of high BM firms over low BM firms. SMB and HML were created by Fama and French (1993) , who argue that the slopes on these variables in Equation (2) proxy for an asset's exposure to underlying risk factors-such a shifts in investors' future investment opportunities (Merton 1973) -that is compensated in average returns. This claim remains controversial, however.
5
Regardless of whether the reader believes Equation (2) captures a rational, equilibrium pricing model, it is useful in this study for two reasons. First, grouping firms into portfolios reduces a substantial portion of the idiosyncratic variation in returns observed at the firm level. For example, the average portfolio time-series standard deviation of excess returns in my sample is 67 percent lower than the average firm-level standard deviation of returns (untabulated). Thus, utilizing portfolios reduces a considerable amount of the firm-specific ''noise'' in realized returns and produces a more stable return variable from which to identify any pattern related to earnings smoothness.
Second, if earnings smoothness is indeed a ''risk factor'' compensated in average returns, and this factor is orthogonal to any Beta, Size, or BM effects, then one should observe generally increasing estimates of ␣ in Equation (2) as the portfolios progress from smooth to volatile earnings. The reason is that ␣ represents the portion of an asset's average return in excess of that predicted by the asset's sensitivity to the risk factors in the model. If a factor model is properly specified (that is, if there are no omitted risk factors), then the estimated ␣s should be zero (Black et al. 1972; Cochrane 2001, Chap. 12) . If, however, the model omits a risk factor, then portfolios with greater exposure to that factor will have a greater portion of average excess returns left unexplained (i.e., a higher ␣).
Panel A of Table 2 presents the results of the ten time-series portfolio regressions, along with an additional hedge portfolio regression. The hedge portfolio goes long (short) in portfolio 10 (1), and measures the monthly difference in returns between firms with the most volatile earnings and firms with the smoothest earnings. In Model 1, I include only an intercept to provide a sense of the average realized monthly return for each portfolio. There does not appear to be a clear, increasing trend in average returns from the smoothest to the most volatile earnings portfolios. Thus, there does not appear to be a link between earnings smoothness and average returns, even on a univariate basis. The hedge portfolio intercept indicates that firms in the most volatile earnings decile earn about six basis points more a month in excess returns than firms in the smoothest earnings decile, but this difference is not statistically different from zero (t ϭ 0.38).
Model 2 includes all of the variables from Equation (2). Now, none of the intercepts are significantly different from zero at the 5 percent level (two-sided). The hedge portfolio actually earns an average negative monthly return, inconsistent with the notion that more volatile earnings lead to a higher risk premium, but this difference is insignificant as well (t ϭ Ϫ0.71). The nearly monotonic loadings on R M Ϫ R ƒ , SMB, and HML across portfolios 
For each month, from 1 / 1 / 75 to 12 / 31 / 06, all firm-years in the sample are sorted into ten deciles based upon their earnings smoothness measure. See Table 1 for a description of how earnings smoothness is measured. Portfolios of stocks are then formed for each earnings smoothness decile. Model 1 reports the parameter estimates from a regression of the portfolio excess returns on an intercept only (i.e., the average excess returns for each portfolio over the sample period). Excess returns equal the value-weighted return on the portfolios less the risk-free rate. Model 2 reports the parameter estimates from a regression of the portfolio excess returns on the three Fama-French factors. Parameter estimates significant at the 5 percent level or lower (two-tailed) are bolded. R M Ϫ R ƒ is excess return on the value-weighted market portfolio. SML is the value-weighted size-mimicking portfolio return. HML is the value-weighted BM-mimicking portfolio return. R M , R ƒ , SMB, and HML are obtained directly from Wharton Research Data Services via Ken French's website. Monthly returns are measured in percentages. The GRS test (see Gibbons et al. 1989 ) is a test of whether all intercepts in Model 2 are jointly equal to 0.
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6 Panel B of Table 2 reports the Gibbons et al. (1989) test, which indicates that the null hypothesis that all intercepts in Model 2 are jointly zero cannot be rejected (p ϭ .24). This evidence, combined with the fact that all intercepts in Model 2 are individually insignificant and the R 2 s are generally at 90 percent or better, indicates that the three-factor model of Fama and French (1993) fares quite well in pricing the test portfolios.
The findings in Tables 1 and 2 are robust to a variety of alternative specifications. These include replacing Smooth with earnings volatility not scaled by cash flow volatility, estimating Smooth over a shorter window, measuring Smooth using quarterly earnings, separating Smooth into innate versus discretionary or ''managed'' components, adjusting Smooth for differences across industries, considering the pricing effects of smooth, increasing earnings, backing out one-time special items, controlling for trended earnings growth, using annual cross-section regressions, and using equal weighted returns in the portfolio tests.
As a final test, I examine whether earnings smoothness, as a potential ''risk factor,'' augments the three-factor model in Equation (2). If earnings smoothness is truly a risk factor, then assets that co-vary more strongly with a portfolio designed to mimic exposure to this risk factor should command a higher risk premium and earn higher returns. To this end, for each month I construct a factor-mimicking portfolio called VMS (Volatile minus Smooth) by subtracting the value-weighted return of stocks in the lowest three deciles from the value-weighted return on stocks in the highest three deciles of earnings smoothness. I then conduct time-series regressions of the form:
Panel A of Table 3 contains average parameter estimates from firm-specific regressions across 5,336 firms with at least 18 monthly return observations over the sample period. Standard errors are based on variation in the parameters across firms. This procedure leads to inflated t-statistics since because is likely strong cross-correlation in the slope coefficients across firms. However, I do not draw any inferences from Panel A, so I make no correction for this bias. The results in Panel A are qualitatively similar to those of Francis et al. (2004, Table 10 ). They interpret the positive and significant loading on VMS as indicating that earnings smoothness is a priced risk factor. Core et al. (2008) take issue with this interpretation and argue that a positive and significant loading in Equation (3) is insufficient evidence to indicate that a factor is priced. For example, the loading on the market factor in Panel A is positive and significant; there is strong correlation between individual stock returns and the market portfolio. This correlation does not imply, however, that the CAPM is true and that market risk is priced. The central prediction of the CAPM is that assets with a higher ␤ RmϪRf should earn a higher return. Analogously, if earnings smoothness is a priced risk factor, then assets with a higher ␤ VMS should earn a higher return. To test for this relation, I first estimate the factor loadings (i.e., the ␤s) in Equation (3) at the portfolio level to mitigate the errors-in-variables problem that arises from firm-specific estimation (Black et al. 1972; Fama and MacBeth 1973) . Core et al. (2008) 
use a similar
The Accounting Review January 2010 American Accounting Association Table 1 for a description of how earnings smoothness and stock returns are measured, and definitions of R M -R ƒ , SMB, and HML. Panel A presents average coefficients across 5,336 firm-specific, time-series regressions of excess monthly returns on the three Fama-French factors plus VMS. t-statistics are calculated from the standard errors of the average parameters. Panel B presents average coefficients across 25 portfolio-specific, time-series regressions of excess value-weighted monthly returns on the three Fama-French factors plus VMS. The 25 portfolios are created by sorting stocks into quintiles based on B / M and earnings smoothness each month. t-statistics are calculated from the standard errors of the average parameters. Panel C presents average coefficients from 384 monthly crosssectional regressions of excess value-weighted portfolio returns on portfolio factor loadings (i.e., the slope coefficients from the regressions in Panel B). t-statistics are calculated from the standard errors of the average monthly parameter estimates. Parameter estimates significant at the 5 percent level or lower (two-tailed) are bolded.
approach. Each month I sort firms (independently) into quintiles based on earnings smoothness and BM, forming 25 portfolios from the intersection of these sorts. Sorting on earnings smoothness ensures sufficient variation in the variable of interest among the test assets; sorting on BM produces variation in average returns, thereby giving the model in Equation (3) something to explain.
Panel B of Table 3 provides average parameters estimates across 25 portfolio-specific, time-series estimations of Equation (3). Note in this panel that the average loading on VMS is now insignificant (t ϭ 1.08). To test whether higher loadings on VMS lead to higher returns, I estimate the following cross-sectional regression for every month:
In Equation (4), the ␤s from the time-series portfolio regressions reported in Panel B of Table 3 are used as covariates to explain cross-sectional variation in the 25 portfolio returns. Panel C reports the time-series average of the parameters from the 384 monthly regressions, along with Fama-Macbeth t-statistics. The loading on ␤ VMS is quite small and insignificant (t ϭ 0.01), providing no support for earnings smoothness as an incrementally priced risk factor. The loading on ␤ SMB is positive and significant at the 5 percent level (t ϭ 2.60),
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The Accounting Review January 2010 American Accounting Association while the loading on ␤ HML is positive but insignificant (t ϭ 1.57). One limitation of the analysis in Table 3 is that the portfolio loadings in Panel B are likely measured more noisily than characteristics like Size, BM, or Smooth, such that measurement error could bias the coefficients in Panel C toward zero (note the insignificant loading on ␤ HML ). However, it is worth noting that the characteristic-based tests in Tables 1 and 2 do not support earnings smoothness as a priced risk factor either.
In summary, I find no discernable relation between earnings smoothness and average stock returns over the past 30 years. Tables 1 through 3 indicate that earnings smoothness has no ability to explain variation in average returns, either as a characteristic at the firm or portfolio level or as the basis for a mimicking portfolio in a factor model. Why, then, are smoother earnings strongly associated with a lower implied cost of capital using Value Line estimates? One explanation is that Value Line analyst estimates are systematically optimistic, a possibility I explore in the next section. Another possibility is that ex ante Value Line estimates are correct on average, but information surprises contaminate the assetpricing tests over the last 30 years. I discuss this possibility in Section V.
IV. IMPLIED COST OF CAPITAL TESTS
In this section, I examine the Value Line input variables used to generate implied cost of capital estimates. Specifically, I benchmark Value Line projections against actual realizations to see why Value Line analysts expect (implicitly at least) a relation between stock returns and earnings smoothness when none seems to exist over the sample period. I first provide some background on Value Line and briefly discuss data sources. I then lay out the empirical methodology and results.
Background
Value Line is an equity research firm that provides no brokerage or investment banking services. Their primary product is the Investment Survey, which is distributed weekly to subscribers. The Investment Survey contains historical financial information, as well as projections of future items such as stock prices, earnings, and dividends for more than 1,700 firms. Brav et al. (2005) use projected stock price and dividend information from the Value Line Investment Survey to impute cost of capital. I discuss their procedure in more detail below. These estimates from Brav et al. (2005) serve as the dependent variable that Francis et al. (2004) link to earnings smoothness.
Data
The data used in this section come from a variety of sources. For the period 1975-2001, I obtain implied cost of capital estimates directly from Alon Brav's website. 7 For the period 1989-2001, I obtain the Estimates and Projections file directly from Value Line. This data set contains the projections of future stock prices, earnings, and dividends from the Investment Survey that underlie the implied cost of capital estimates of Brav et al. (2005) . 8 The intersection of these two data sets comprises the primary sample for this section, which I refer to as the ''projections subsample.'' I also obtain data from the Compustat, CRSP, and I/B/E/S files as I describe below. Overall, the projections subsample contains 9,105 observations for 1,365 firms over the period 1989-2001.
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Empirical Methodology and Results
I begin by replicating the main findings of Francis et al. (2004) using the cost of capital estimates from Brav et al. (2005) . They estimate cost of capital from the following expression: 
where Smooth is the annual decile rank of a firm's earnings smoothness measure and Beta, Size, and BM are defined as before. CoC i is the estimated cost of capital from Equation (5) and is stated as a percentage. Panel A of Table 4 presents To see why firms with volatile earnings have a higher implied CoC than firms with smooth earnings, I turn to the projections subsample. Value Line analysts calculate fouryear target prices (TP) by forecasting future EPS four years beyond the current year and multiplying this figure by a forecasted price-to-earnings (P/E) ratio (Brav et al. 2005; Courteau et al. 2006) . 9 The implication of this calculation by Value Line is a point perhaps overlooked by prior implied cost of capital research. Value Line markets the Investment Survey as tool for investors to pick stocks. Firms with high target prices relative to current prices are viewed as ''good buys,'' with high forecasted earnings growth (presumably that the market has not noticed). To the researcher, though, this spread between current price and forecasted price in Equation (5) is treated as a compensation for risk (i.e., a higher expected return or cost of capital). To the extent that Value Line is overly optimistic in their earnings and target price forecasts for some firms, however, the resulting implied cost of capital estimates derived from Equation (5) will be upwardly biased. To test for this bias, I benchmark these forecasted variables against their actual realizations, and relate any differences to earnings smoothness. Specifically, I define the following variables: 
TABLE 4 (continued)
Panel A presents coefficients estimates from annual cross-sectional regressions of implied cost of capital estimates on the variables listed above. Implied cost of capital estimates are based on projected target prices and dividends from Value Line (see Brav et al. 2005) and are obtained directly from Alon Brav's website. Implied cost of capital estimates are measured in percentages, stated on an annual basis, and are averaged over a 12-month period ending four months after the end of the fiscal year. Smooth is the decile rank (sorted annually) of a firm-years' earnings smoothness measure. See Table 1 forecasts of future dividends over the four-year forecast horizon, scaled by P, the stock price (from CSRP) nine days before the publication date of the analysts' report. See Equation (5) in the study for more details. TP is the midpoint of the range of four-year-ahead target stock price forecasted by Value Line. FEPS is the forecasted four-year-ahead EPS, scaled by P. AEPS is the actual four-year-ahead earnings (obtained from I / B / E / S), divided by forecasted four-year-ahead shares outstanding, scaled by P. FE EPS is EPS forecast error, which equals FEPS minus AEPS. FPE is the forecasted four-year-ahead P / E ratio, calculated as (TP / P)/ FEPS. APE is the actual four-year-ahead P / E ratio, calculated as actual four-year-ahead price per share divided by AEPS * P. Actual four-year-ahead price is calculated as future total market value of equity four years after the third month subsequent to the end of the current fiscal year, scaled by forecasted four-year-ahead shares outstanding. FE PE is the P / E forecast error and equals FPE minus APE. AP is actual share price appreciation, which equals APE * AEPS. All variables from the Estimates and Projections File are averaged over a 12-month period ending four months after the end of the fiscal year.
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The Accounting Review January 2010 American Accounting Association FEPS ϭ forecasted four-year-ahead EPS, scaled by P, the current stock price; AEPS ϭ actual four-year-ahead earnings, divided by forecasted four-year-ahead shares outstanding, scaled by P; FE EPS ϭ EPS forecast error, calculated as FEPS Ϫ AEPS; FPE ϭ forecasted four-year-ahead P/E ratio, calculated as (TP/P)/FEPS; APE ϭ actual four-year-ahead P/E ratio, calculated as actual four-year-ahead price per share divided by AEPS * P. Actual four-year-ahead price is calculated as future market value of equity four years after the third month subsequent to the end of the current fiscal year, scaled by forecasted four-year-ahead shares outstanding; FE PE ϭ P/E forecast error, calculated as FPE Ϫ APE; and AP ϭ actual price appreciation, equal to AEPS ϫ APE.
Three methodological details merit discussion before proceeding. First, the Estimates and Projections File from Value Line does not report actual annual four year-ahead earnings in a consistent and reliable fashion. As a result, I obtain actual earnings from I/B/E/S. This approach seems reasonable because both I/B/E/S and Value Line exclude from reported earnings nonrecurring items analysts did not intend to forecast.
Second, of the 9,105 observations in the sample, 1,017 do not have available four-yearahead stock return or earnings data. Excluding these observations from the analysis could induce a potential survivorship bias. Specifically, because non-survivors have relatively poor future returns and earnings prior to their exit from the sample (untabulated), excluding these observations leads to an upward bias in average future returns and profitability. To the extent that firms with more volatile earnings drop out of the sample at a disproportionate rate, this pattern could bias the results in favor of finding a positive relationship between earnings volatility and future returns or earnings.
10 This problem could be particularly acute over a four-year period, especially when benchmarked against asset-pricing tests, which require only all available future monthly returns up to 12 months.
To mitigate this potential bias, I do the following: If a stock stops trading prior to the end of the four-year cumulation window, then I multiply its last available market value of equity by the delisting return (if available) from CRSP.
11 I then reinvest the proceeds in an equally weighted portfolio (rebalanced monthly) of firms in the same earnings smoothness decile. I calculate the portfolio returns excluding dividends, so as to capture only stock price appreciation. The value of the proceeds at the end of the accumulation window serves as the future market value of equity used to calculate APE and AP. If a firm is missing four-year ahead actual EPS from I/B/E/S, then I impute this value. Specifically, I multiply the last available value of actual EPS by the appropriately compounded earnings growth rate for the firm's earnings smoothness decile. I also conduct the analysis without this survivorship correction (i.e., by just examining four-year survivors) to assess its impact on my findings. I find inferentially similar results, so it appears that survivorship is not an overriding concern in this setting. Nevertheless, the tabled results that follow include this correction, as I feel it is methodologically appropriate.
Third, I winsorize the variables TP/P, FEPS, AEPS, and APE at the top and bottom 1 percent of their distributions each year to mitigate the influence of extreme observations.
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January 2010 American Accounting Association Brav et al. (2005) winsorize Value Line target prices in generating their CoC estimates, so I winsorize TP and FEPS for consistency. I winsorize AEPS and APE since outliers in the raw, price scaled EPS distribution produce extreme actual P/E values. Note that winsorizing AEPS and APE also implicitly winsorizes actual share appreciation, AP. Results are inferentially similar if I delete the top and bottom 1 percent of the variables above each year, or if I make no adjustment for outliers.
Panel B of Table 4 presents mean values, by earnings smoothness decile, of the forecasted and actual variables underlying the implied CoC estimates. The third column lists the average expected dividend component of implied CoC Ϫ the second term on the RHS of Equation (5). This value decreases as earnings become more volatile, while the other component of implied CoC, expected share price appreciation (TP/P), increases almost monotonically. Thus, expected price appreciation alone drives the positive relation between Smooth and implied CoC. However, while expected price appreciation increases nearly monotonically across smoothness deciles, actual price appreciation (AP) is relatively flat, consistent with the asset-pricing tests in the previous section. As a sensitivity check, I repeat the asset-pricing analysis in Tables 1 and 2 using the projections subsample and find similar results for the smoothness measure.
Forecasted EPS (FEPS) in Panel B of Table 4 also increases with earnings volatility, while actual EPS (AEPS) appears to decrease. The positive gap between FEPS and AEPS indicates that earnings forecasts are too optimistic, across the board, for all firms. But as earnings become more volatile, the gap grows, and earnings forecast errors (FE EPS ) get larger (i.e., more optimistic). Finally, the last three columns in Panel B of Table 4 Table 4 yields two important takeaways. First, the association between Smooth and implied CoC is driven exclusively by expected share price appreciation (TP/P). Second, the relation between Smooth and actual price appreciation (AP) appears weak, while the relation between Smooth and earnings forecast errors (FE EPS ) appears quite strong. This evidence implies that optimism in analysts' expectations of future EPS yields target prices that are systematically too high for firms with volatile earnings. These target prices are ultimately not achieved, explaining why firms with volatile earnings have higher implied CoCs, but do not earn higher returns, than firms with smooth earnings.
To investigate this possibility further, I first examine whether the univariate patterns in Panel B of Table 4 hold up in a multivariate framework that controls for Beta, Size, and BM effects. To do so, I estimate the following cross-sectional regressions each year: Table 5 presents the average coefficient estimates from the annual regressions in Equation (7). Due to the overlapping nature of the data (i.e., annual regressions with four-year cumulation windows), all t-statistics in this section are based on Fama-Macbeth standard errors, adjusted for autocorrelation with a Newey-West correction up to four lags. 12 12 General practice for Newey-West estimation is to use a lag length equal to the smallest integer greater than T .25 (Greene 2003, 267) . With T ϭ 13, this implies a lag length of 2. I repeat all of the subsequent analysis using a lag length equal to 2, and a lag length equal to 0 (i.e., no adjustment). I also repeat the analysis using pooled regressions and clustering standard errors on industry and firm. Results are inferentially similar.
McInnis
The Accounting Review January 2010 American Accounting Association Table 4 for variable definitions. Panel B provides average parameter estimates from annual regressions of the components of four-year expected price appreciation (TP / P) on earnings smoothness and control variables. These regressions decompose the slope coefficients from the TP regressions into the four components listed above. See the Appendix for details of the decomposition. Parameter estimates are time-series averages of the parameters from the annual cross-sectional regressions over the 13-year period from 1989 to 2001. t-statistics are calculated from the standard errors of these annual averages, adjusted with a Newey-West (1987) correction for autocorrelation up to four lags. Parameter estimates significant at the 5 percent level or lower (two-tailed) are bolded.
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The results in Panel A of Table 5 confirm the univariate findings in Table 4 . The relation between Smooth and actual price appreciation is insignificant (t ϭ 0.45).
13 Smooth is strongly correlated with FE EPS (t ϭ 3.92) as are the other covariates, while there is no significant relation between Smooth and FE PE (t ϭ Ϫ0.05). To assess the impact of earnings optimism on the relation between Smooth and expected share price appreciation (TP/P) more formally, I decompose TP/P into four components:
P / E Bias Interaction Effect
The Appendix explains the derivation of this decomposition. Equation (8) demonstrates that expected price appreciation can be decomposed into actual price appreciation, plus bias in forecasted earnings (ignoring any bias in forecasted P/E), plus bias in forecasted P/E (ignoring any bias in forecasted earnings), minus the interaction of EPS and P/E bias. The interaction term measures the joint effect of EPS and P/E bias and is necessary because the middle two terms ignore error in forecasted P/E and earnings, respectively. The Appendix provides a simple numerical example. Equation (8) allows me to decompose the relation between Smooth and TP/P into these four components as well, using OLS regression. Specifically, the slope coefficients from regressing TP/P on the covariates in Equation (7) simply equal the sum of the slope coefficients from four separate regressions with the four components in Equation (8) serving as dependent variables. 14 So, in the following regression:
the ␤s simply equal the sum of the ␤s from the following four regressions:
13 Surprisingly, in Panel A of Table 5 , while Size is negatively related to future returns at the 10 percent level (one-sided; t ϭ Ϫ1.67) as expected, the loading on BM is insignificant (t ϭ Ϫ0.60), while the loading on Beta is positive and significant at 10 percent on a one-sided basis (t ϭ 1.55). Upon further investigation, three factors explain why these results differ from the asset-pricing tests. First, using an unwinzorized return metric increases the significance on Size. Second, I perform cross-sectional monthly return regressions-using returns without dividends-in Equation (1) for the projections subsample from 1989-2001. I find very similar results to those reported in the Appendix. When I use returns with dividends (as I do in Table 1 ), results are the same except Beta loses significance. Thus, measuring returns with or without dividends affects the loading on Beta. Finally, Brav et al. (2005) note that Value Line tends not to cover small, high BM firms. This is where the BM effect is the strongest (Loughran 1997) . When I expand the sample to all firms in the asset-pricing sample over the same time period, BM becomes positive and significant. 14 To see this, let y be a dependent variable that can be decomposed into i components such that y ϭ ͚ i y i . The vector of OLS coefficients is then given by:
Ϫ1
XЈy i .
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The Accounting Review January 2010 American Accounting Association Panel B of Table 5 provides estimates from the five regressions in Equations (9) and (10). The first row indicates that the positive coefficient relating Smooth to TP/P, 0.014 (t ϭ 5.40), is driven primarily by the coefficient relating Smooth to bias in forecasted EPS, 0.032 (t ϭ 4.06), consistent with Panel A. As earnings become more volatile, analysts' earnings forecasts become more optimistic. Actual price appreciation and bias in P/E forecast play a small role, and both coefficients individually are insignificantly different from zero. The coefficient on the interaction term, Ϫ0.019, is insignificant (t ϭ Ϫ1.54) at the 5 percent level. 15 Results for the remaining variables in Panel B are generally similar, with earnings bias and, to some extent, the interaction term playing significant roles in relating these variables to expected price appreciation.
In summary, I conclude from Tables 4 and 5 that bias in analysts' long-term earnings forecasts is the main driver of the association between earnings smoothness and implied cost of capital. As earnings become more volatile, earnings projections become more optimistic, producing target prices that are too high and never achieved. Thus, while Value Line analysts may expect firms with volatile earnings to earn higher returns, this future price appreciation does not materialize over the sample period.
Why is Earnings Optimism Increasing in Earnings Volatility?
Prior research finds that analysts mis-weight the persistence of prior earnings changes when predicting future earnings changes. For example, Easterwood and Nutt (1999) demonstrate that analysts' under-react to large prior earnings decreases and over-react to large prior earnings increases, yielding forecasts of future earnings that are optimistic on average. Firms with volatile earnings naturally have larger prior earnings increases and decreases than firms with smooth earnings. Thus, I conjecture that the large prior earnings changes of volatile earnings firms, combined with analysts' general mis-weighting of prior earnings changes, produce optimism in future earnings forecasts that is increasing in earnings volatility.
To test this conjecture, I adopt a framework similar to Easterwood and Nutt (1999) . Define CEPS tϪ5→tϪ1 as the change in earnings per share from year t-5 to tϪ1, scaled by price at the end of year tϪ1. Further, let D be an indicator variable equal to 1 if CEPS tϪ5→tϪ1 is negative, and 0 otherwise. Finally, consider the following regression equations: The Accounting Review January 2010 American Accounting Association Equation (11) measures the implicit weights, ␦ 2 and ␦ 3 , that analysts place on positive and negative prior earnings changes when predicting future four-year earnings changes. Equation (12) measures the ''true'' relation between actual earnings changes and past earnings changes.
16 Equation (13), the difference between Equations (11) and (12), measures the differences in the weights used by analysts to predict future earnings from the empirical weights. Thus, Equation (13) indicates that, by regressing FE EPS on past earnings changes, one can estimate the extent to which analysts mis-weight prior earnings changes when predicting future earnings changes. If analysts over-react to positive prior earnings changes, then ␦ 2 Ϫ ␤ 2 will be positive. If analysts under-react to negative prior earnings changes, then the sum of ␦ 2 Ϫ ␤ 2 and ␦ 3 Ϫ ␤ 3 will be negative.
Panel A of Table 6 reports average parameters from annual estimates of the regressions in Equation (13) for the Value Line sample. I report estimates for the full sample and for firms in the upper (more volatile) and lower (less volatile) three earnings smoothness deciles. Across all specifications, the coefficient on CEPS tϪ5→tϪ1 is significantly positive, and the coefficient on D * CEPS tϪ5→tϪ1 is significantly negative. In addition, the sum of these two coefficients is significantly negative (p Ͻ 0.01, untabulated). These findings are consistent with those of Easterwood and Nutt (1999) : analysts over(under) react to positive (negative) prior earnings changes. Note that this mis-weighting is present in both smooth and volatile earnings firms.
Can such a finding help explain why analysts' long-term earnings forecasts are more optimistic for firms with volatile earnings? To answer this question, I focus on the subsample of observations in the upper (more volatile) and lower (less volatile) three earnings smoothness deciles. I create an indicator variable, VOL, equal to 1 if the observation is in the upper, or more volatile, deciles, and 0 if it is in the lower, or smoother, deciles. In Panel B of Table 6 , I regress FE EPS on VOL, and separately, on VOL and the covariates in Equation (13). These regressions estimate the extent to which analysts' mis-weighting of prior earnings changes can explain the difference in mean FE EPS between the firms with the smoothest and most volatile earnings. The first regression indicates that firms in the most volatile earnings deciles have EPS forecast errors that are higher than firms in the smoothest earnings deciles by 2.2 percent (t ϭ 4.77) of equity market value. The second regression indicates that this difference shrinks by almost 70 percent, to 0.7 percent, and becomes insignificant (t ϭ 1.42) once prior earnings changes are considered. In short, prior positive and negative earnings changes are correlated with both VOL and FE EPS , and their misweighting by analysts explains an economically and statistically significant fraction of the difference in FE EPS between volatile and smooth earnings firms.
V. WEIGHING THE EVIDENCE
This study provides evidence that: (1) earnings smoothness is not linked to average returns over the last 30 years, and (2) the relationship between earnings smoothness and implied cost of capital from Value Line is driven by forecast errors in future earnings estimates. One interpretation of this evidence is that earnings smoothness is not a factor compensated in equity cost of capital, and the Value Line implied cost of capital estimates are contaminated by analyst optimism. Another possibility is that ex post average returns are
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The Accounting Review January 2010 American Accounting Association Tables 4 and 5 . FE EPS is defined in Table 4 . CEPS is the change in net income before extraordinary items per Compustat (#data18) from year t-5 to year t-1, scaled by market value of equity at the end of year t-1. D is an indicator variable equal to 1 if CEPS is negative, and 0 otherwise. Results are presented for the full sample, as well as firms in the lowest three (smoothest) and highest three (most volatile) earnings smoothness deciles. See Table 1 for details on the earnings smoothness measure. Panel B uses just observations in the upper and lower three earnings smoothness deciles. VOL is an indicator variable equal to 1 if an observation is in the highest three (most volatile) earnings smoothness deciles, and 0 if it is in the lowest three (smoothest) earnings smoothness deciles. Parameter estimates are time-series averages of the parameters from the annual cross-sectional regressions over the 13-year period from 1989 to 2001. t-statistics are calculated from the standard errors of these annual averages, adjusted with a Newey-West (1987) correction for autocorrelation up to four lags. Parameter estimates significant at the 5 percent level or lower (two-tailed) are bolded.
confounded by information surprises over the sample period. Note that the information surprises would have to be correlated in the cross-section with earnings smoothness (Francis et al. 2004 ). Perhaps, due to chance, firms with more volatile earnings had a disproportionate run of ''bad luck'' over the sample period, reporting lower earnings (i.e., negative ''cash flow'' surprises) and thus realizing lower stock returns than analysts and investors were expecting. This possibility would also explain why Value Line analysts appeared, ex post, to be overly optimistic in their earnings projections.
I conduct two different tests to evaluate the effects of cash flow surprises on the assetpricing tests. For brevity, I do not table them here (the results are available upon request). First, I include a future earnings surprise measure as a control variable in the asset-pricing regression from Table 1 , following the methodology of Ogneva (2009) , who argues that information surprises confound the analysis in Core et al. (2008) . The future earnings surprise is measured as actual earnings minus expected earnings, where the latter is based on a statistical model, with prior-year stock returns and earnings as predictor variables.
The Accounting Review
January 2010 American Accounting Association Second, I exclude all return-months in which a firm announced future quarterly earnings from the asset-pricing tests. By excluding future announcement months, I decrease the likelihood that future information surprises related to earnings news bias the statistical tests. The results of these tests are inferentially similar to those reported in Tables 1 and 2 . Unfortunately, neither of these tests is definitive. The statistical model may measure cash flow surprises with error. In addition, cash flow shocks or discount rate shocks could contaminate realized returns in periods other than earnings announcement months. In short, because investors' expectations are unobservable, true information surprises can never be precisely measured. Thus, while I find no evidence that information surprises compromise inferences from the asset-pricing tests, I cannot completely dismiss them as a confounding factor.
As to the reasonableness of Value Line analyst earnings projections, I find in untabulated results that firms with more volatile earnings have relatively lower average current earnings in addition to the lower average future earnings documented in Table 4 , Panel B. This pattern of relatively low current earnings, relatively low future earnings, yet relatively high future earnings forecasts for firms with volatile earnings (see Table 4 , Panel B) seems more consistent with undue optimism in analyst forecasts than with a chance result driven by unexpected shocks to future earnings. The mis-weighting evidence in Table 6 supports this conclusion as well.
In sum, the asset-pricing evidence indicates there has been no return premium to holding volatile earnings stocks over the last 30 years. The implied cost of capital tests indicate that analyst optimism creates a mechanical link between earnings volatility and implied cost of equity capital. The inferences drawn from this evidence likely hinge on the reader's prior beliefs as to the efficacy of asset-pricing tests. If one is suspicious that information surprises during the sample period compromise asset-pricing tests, then evidence that analyst bias contaminates implied cost of capital measures need not imply that earnings smoothness has no bearing on cost of equity capital. If, however, the reader believes that average returns over the sample period are a reasonable proxy for expected returns, the evidence casts doubt on the notion that smoothness is a priced source of risk.
VI. ACCRUAL QUALITY AND ANALYST OPTIMISM
In Table 7 , I provide evidence that accrual quality-the residual variance from a regression of accruals on temporally adjacent cash flows-is systematically related to optimism in Value Line's long-term earnings forecasts. Panel A demonstrates that earnings forecast errors increase monotonically across accrual quality deciles (i.e., as accrual quality gets worse), and Panel B indicates that this relation continues to hold after controlling for Beta, Size, and BM. Given that Francis et al. (2004) document that accrual quality and earnings smoothness are highly correlated constructs, this result is perhaps not surprising. However, it does shed light on a puzzle in the literature. Core et al. (2008) find no evidence that accrual quality is a priced risk factor, even though this variable is strongly related to implied cost of capital using Value Line estimates. Table 7 suggests that optimism in Value Line's earnings projections may drive this relation, just as it drives the relation between earnings smoothness and implied cost of capital.
VII. CONCLUSION
The projected target prices of Value Line analysts indicate that they expect firms with volatile earnings to experience greater future stock price appreciation than firms with smooth earnings, creating a negative relation between imputed cost of capital and earnings smoothness. Evidence from the U.S. stock market indicates no such pattern, however. I find
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The Accounting Review January 2010 American Accounting Association Table 4 for details on the additional variables. Panel B contains average parameter estimates from annual cross-sectional regressions of earnings forecast error (FE EPS ) on the decile ranking of accrual quality (AQ), as well as Beta, Size and BM. See Table 1 for details as to the construction of the latter three variables. t-statistics are calculated from the standard errors of annual averages, adjusted with a Newey-West (1987) correction for autocorrelation up to four lags. Parameter estimates significant at the 5 percent level or lower (two-tailed) are bolded.
no relation between earnings smoothness and average stock returns over the last 30 years. I offer evidence that the inverse relation between earnings smoothness and implied cost of capital results primarily from optimistic bias in analysts' long-term earnings projections. Specifically, a positive correlation between earnings volatility and earnings optimism yields target prices, and thus implied cost of capital estimates, that are too high for firms with volatile earnings. These findings are important because they call into question the wisdom of smoothing earnings to achieve a lower risk premium, particularly if such actions sacrifice economic value. While smoother earnings may have other benefits, I find no evidence that smoother earnings are associated with a lower return premium. This study also highlights the need to control for biased input variables in studies that use implicit cost of capital estimates, which should be of interest to a variety of researchers.
A number of recent studies investigate the reliability of implied cost of capital estimates (Botosan and Plumlee 2005; Easton and Monahan 2005; Guay et al. 2006) . While this study contributes to that literature, I view the evidence neither as a general indictment of
The Accounting Review January 2010 American Accounting Association implied cost of capital tests nor as a general endorsement of asset-pricing tests. The appropriate methodology for a given study will obviously vary with the research question and setting. In some studies, for example, due to limited sample sizes or data availability, assetpricing tests may not be feasible. In general, however, when both methodologies are available, the desire for convergent evidence across differing methodologies provides a justification for using both (Campbell and Fiske 1959) . In this vein, I view asset pricing and implied cost of capital tests as complementary.
APPENDIX DECOMPOSITION OF EXPECTED SHARE PRICE APPRECIATION
Noting that Value Line target prices are calculated from forecasts of future earnings multiplied by forecasted P/E ratios, TP/P can be decomposed as follows: See Table 4 for variable definitions. To fix ideas, consider the following simple numerical example. Let forecasted target price (TP) equal $45 per share, current stock price equal $20 per share (P), forecasted earnings per share equal $3.00, and forecasted P/E (FCPE) equal 15. Further, let the actual stock price turn out to be $35, with actual EPS equal to $2.50, implying an actual P/E (APE) of 14. The decomposition works out as: The interaction term is needed since multiplying by FCPE in the second term and FCEPS in the third term (both of which are themselves too high) overstates the true effect of EPS and P/E forecast bias.
